stands. The improved method addresses the problems of occlusion, foreshortening, and tree edge effects, and was applied to
Introduction
reconstructing the canopy surface for a dense redwood stand. The form of a tree crown is an indicator to species competition The reconstructed canopy surface was validated using dimenin a stand. A canopy surface describes the geometric shape of sional crown measurements from the field and crown profile the canopy and indicates photosynthetic ability and biomass.
pictures taken from various directions on the ground. Information on crown form and canopy structure is an important determinant of wildlife habitat preferences for many Study Site and Data Preparation species of birds and mammals (Biging and Gill, 1997) . Data on
The study area is located on the campus of the University of canopy surface are needed to produce orthophotos and derive California at Berkeley (122.38ЊW, 37.62ЊN). The test was cardistortion-free forest parameters.
ried out in an uneven-aged redwood-dominant stand of nearly Although canopy surfaces are important in forestry and 100 percent canopy closure using 1:2,400-scale aerial photoecological studies, they are rarely measured in forest inventory graphs. The difference in ground elevation at this site is less due to the difficulty in measuring 3D canopy surfaces from the than 10 m. The study area is about 170 m long and 120 m wide ground and the lack of success in existing surface reconstruccontaining several oak (Quercus kelloggii) and approximately tion techniques. Quackenbush et al. (1999) used Desktop Map-60 redwood (Sequoia sempervirens) trees, the latter of which ping System (DMSா) to derive tree canopy surfaces from 1-m are up to 45 m in height. resolution aerial photographs, and pointed out that the unsucBi-ocular images may be insufficient for conifer canopy cessful canopy surface reconstruction may be due to the consurface reconstruction due to the occlusions caused by sharp straint of the package used. Our experiments with a number of other commercial softcopy photogrammetry packages led to crown morphology. We used tri-ocular high-resolution aerial Methods images: one nadir view and two off-nadir views, so that most Geometric Modeling of Trees and Optimal Tree Model Development parts of a crown surface are visible on at least two images.
Geometric models were used in tree modeling for their simplic-1:2,400-scale vertical aerial photographs were taken on 23 ity in parameterization. On the basis of Horn's 2D (Horn, 1971 ) May 1994 with a camera whose focal length was 152.8 mm.
and Pollock's 3D (Pollock, 1996) geometric crown models, Most of the stand is visible on three overlapping photographs, Sheng et al. (2001) extended the 3D crown model to a 3D tree labeled as #2, #1 (the nadir view), and #0, respectively, from model for the purpose of applying the tree model to crown surleft to right. The adjacent photos have about 60 percent overlap, face reconstruction. This tree model uses a generalized hemiand the pair of #2 and #0 has about 20 percent overlap. These ellipsoid crown model, and is described by three location paphotographs were scanned at 250 DPI (dots per inch), making rameters: ground coordinates of the treetop (X top , Y top , Z top ); the pixel resolution approximately 24 cm on the ground. The and three parameters on crown dimensions: crown depth (ch), camera station locations and camera attitudes of the three phocrown radius (cr), and an adjusting coefficient for crown curvatos were solved through photogrammetric orientation proceture (cc). Once these parameters are known, the tree model is dures. Three overlapping photos form three stereo pairs. The fixed and the ground coordinates (X, Y, Z ) of any point on the original photos were resampled according to the epipolar gecrown surface can be modeled by ometry to generate three stereo pairs covering the study area: the 2-1 pair, the 2-0 pair, and the 1-0 pair.
Field measurements were collected in October 1999.
cc/2 cr cc ϭ 1 (1) Though there is a 5-year time lag between the field measurements and aerial photographs, most trees in the stand are mature and are not expected to grow much (e.g., several meters)
where Z top Ϫ ch Յ Z Յ Z top . during this period. We first delineated individual trees on the To make the model-based approach practical in canopy nadir view image (i.e., #1) by visual interpretation, and made a surface reconstruction of forest stands, optimal tree models sampling map (Figure 1 ) to guide our fieldwork. Tree height and need to be established efficiently from the aerial images for incrown radii from four perpendicular directions (i.e., south, dividual trees. Sheng (2000) discussed both the automatic and west, north, and east) were measured for 38 trees using clinomsemiautomatic scenarios for tree model development. The aueters and tapes. Some ground pictures were taken from various tomatic scheme is computationally intensive, and it often fails directions to record crown profiles. These field measurements for complicated stands. As an alternative, a model-based 3D tree and pictures were used to validate the reconstructed canopy interpreter was built with a semiautomatic approach to optisurface.
mal tree model development (Gong et al., 2002) . The conjugated treetops of a tree are sampled interactively on the 2-0 photo pair to obtain the ground coordinates (X top , Y top , Z top ) of the treetop, and the dimensional parameters of the crown are determined semiautomatically on informative images. The 3D tree interpreter is able to establish reliable tree models for complicated tree stands efficiently. In addition to the optimal tree models, a background DEM (digital elevation model) is another product of the 3D tree interpreter. During tree interpretation, the elevations of some visible tree bases and ground points were sampled on the photos, and a DEM was interpolated from these sampled points.
Occlusion Removal in Disparity Prediction
Disparity, also known as parallax, is the coordinate difference of a point imaged on two photos taken from different angles. The disparity between the two conjugated pixels in the photos can be used to reconstruct the elevation value of the point in object space. Disparity is usually derived using image matching. Because the background DEM and the optimal tree models were produced at the tree interpretation stage, we can use them to predict the initial disparity map, and then use the initial disparity map to guide subsequent image matching. The ground coordinates of each point on a tree crown surface can be calculated from its tree model using Equation 1. The disparity of a point on a crown surface or on the ground surface can be predicted using the collinearity equations in photogrammetry. However, disparity prediction from tree models can be problematic for dense stands, and occlusion has to be taken into account. Z-buffer techniques, which are one of the general techniques in computer graphics for hidden surface removal (Pokorny and Gerald, 1989) , were used to address this problem. They are based on the fact that foreground objects occlude background objects, and they use a depth buffer (Z-buffer) to record depth information, which Figure 1 . The sampling map. It was generated by visually is critical to determine which object occludes others. delineating individual trees on the nadir view image. ThirtyThe Z-buffer algorithm for occlusion removal in disparity eight trees were measured in the field using this map as prediction is shown in Figure 2 . The buffer here records the disa guide.
tance between the camera station and surface point being imaged. 
Tree-Edge Effect Reduction in Disparity Map
The predicted disparity map from tree models has a distinctive contrast at the perimeter of tree canopies. However, the edges of tree canopies are usually "fuzzy" due to extended branches; thus, the sharp tree-edge effect should be reduced in the predicted disparity map. Figure 3 illustrates the process of edge-effect reduction. We Figure 3 . An illustration of the process of tree-edge effect first generated an edge map from the tree models. The map conreduction. (a) Tree edge and background edge of a tree. (b) tains both tree edges and background edges, and the backPredicted disparity map of the tree. (c) and (d) A zoom-in ground can either be the ground or tree canopies. A tree edge is window of (a) and (b). (e) and (f) Left and right aerial images a 1-cell-wide edge consisting of the tree cells next to backof the zoom-in window. (g) Disparity map after tree-edge ground cells, while a background edge is the one containing effect reduction. the background cells next to tree cells. The edge map in Figure  3a shows the tree edge in white and the background edge in black around a tree. When the optimal tree model is not perfect, some cells on the tree edge could in fact be background-edge cells, and some cells on the background edge could be tree-edge this cell with that of a nearby background cell, and vice versa.
Comparing the edge map with the left image (Figure 3e ), we cells. Figure 3b shows a typical disparity map predicted from a tree model. Figures 3c and 3d zoom into the portion within the can see that the tree-edge cell at (row 5, column 4) marked by B should be a background cell, and that the background-edge cell grid in Figures 3a and 3b so that individual cells are visible. If a cell on the tree edge is actually from the background, then we at (6, 4) marked by T should be a tree cell. We use the left and right aerial images (Figures 3e and 3f ) to need to modify the disparity map by replacing the disparity of assist decision making about the replacement. We determine pose the range of disparity between the left and right images is [ϪD, D] (unit: pixels). As illustrated in Figure 5 , the correlation whether an edge cell needs to be switched using the correlation coefficients between the templates around this cell on the left calculation produces a similarity space, a 3D correlation cube of 2D ϩ 1 depth containing the correlation coefficients (Chen and and right images. Suppose the template in the left image around this cell is M 1 . When the disparity of this cell is known, its posi-Medioni, 1999). The voxel (volume element) at location (i, j, d ) in the cube records the correlation coefficient between a temtion in the right image and the template around this position can be determined. If the disparity is taken from a tree cell, let plate around pixel (i, j ) in the left image and a template of the same size around the pixel (i, j ϩ d ) in the right image. The corthe template in the right image be M 2t . Similarly, if the disparity is from a nearby background cell, let the template be M 2b . Let relation coefficient however is vulnerable to the foreshortening effect. the correlation coefficient be R t between M 1 and M 2t , and be R b between M 1 and M 2b . If R b Ͼ R t , then this cell should be A surface patch will appear foreshortened unless it is viewed from its normal direction (Klaus and Horn, 1986) . This switched to the background cell and take the background disparity; otherwise, the tree disparity should be kept. As illusis the so-called "foreshortening effect." The resulting problem of the foreshortening effect in stereo matching is that the surtrated in Figures 3e and 3f , two positions T 1 and T 2 in the right image of cell T are determined using the tree disparity and the face patches in the two templates, with which an image matching algorithm intends to match, are not of the same size. The background disparity, respectively. The correlation between the templates around T and T 1 is higher than that between T foreshortening effect in canopy surface reconstruction is very serious due to the steep tree crown surfaces, and is one of the and T 2 ; therefore, cell T takes the tree disparity. Similarly, cell B takes the background disparity. The resulting disparity map major causes of reconstruction failures. We use the matching-on-orthoimage approach to mitigate is shown in Figure 3g . Using this procedure, we can mitigate the edge effect introduced by imperfect tree models. Figure 4 the foreshortening effect (Norvelle, 1992; Schenk and Toth, 1992; Norvelle, 1996) . Figure 6 compares how the image temshows the adjusted disparity map, in which the tree edges appear less regular and the occlusion problem was properly adplates are matched for a point on a crown surface before and after the foreshortening effect is addressed. Figures 6a and 6b dressed. For the portion of trees extending beyond the study area, the edge effect was not adjusted because no background show the portion of the original left and right images containing a redwood tree (i.e., Tree #1). Due to the foreshortening DEM was available.
effect, the right side of the tree crown in the right image is almost three times as long as that in the left image. The two temForeshortening Effect Mitigation in Stereo Matching plates (outlined by the white boxes) do not match for the same An image matching (or correspondence finding) algorithm is surface patch; thus, the correlation measure between them is the core of photogrammetric surface reconstruction. Correlanot reliable. This effect is mitigated by matching on orthoimtion-based image matching approaches are widely used. Supages. Figures 6c and 6d show the left and right orthoimages of the same area in Figures 6a and 6b. The two templates are virtually of the same patch, and the foreshortening effect disturbs the correlation measure between the templates to a much less Figure 5 . The 3D correlation cube. The correlation computation in image matching generates a 3D correlation cube. The voxel at location (i, j, d ) in the cube records the correlation coefficient between a template around pixel (i, j ) in the left image and a template of the same size around the pixel (i, j ϩ d ) in the right image. The dynamic programming image-matching algorithm determines the disparity map by searching in the 3D correlation cube for the maximum pordered smooth surface. The parameter D specifies the dis- Figure 4 . The disparity map after tree-edge effect reduction. This map was predicted from the background DEM and the parity range and determines the depth of the correlation cube, while p controls the smoothness of the surface to optimal tree models. The occlusion problem was properly addressed, and the tree-edge effect was reduced.
be found.
Matching Control and Iteration
The disparity limit D and the surface order p play an important role in image matching by dynamic programming. When the dynamic programming algorithm searches for the disparity surface in the correlation cube, surface order p can be set to various values between 0 and D. The selection of D and p depends on the confidence in the optimal tree models. If these tree models perfectly describe the crown surfaces, then both D and p are set to zero, meaning no adjustment is needed. If the tree models are only a rough approximation of the true crown surfaces, then both D and p need to be increased, and this will introduce more variations into the reconstructed canopy surface. The geometric form of individual trees in a stand may vary. Some trees may be well described by their tree models, while others may not. Small D and p are desirable for regular-shaped trees, but may generate a regular surface for irregular-shaped trees. This makes it difficult to choose universal values of D and p. We can mitigate this problem by iterating the matching process. The approach discussed here can be implemented as an iterative procedure. Even when the knowledge about tree shape is poor, the initial values for D and p can be set to small values. The output from the first round model-based matching can be used as the initial condition in the next round model-based matching, enabling gradual adjustments to the derived surface. This procedure could be repeated until the results are satisfactory. With such an iterative approach, regular-shaped trees are more likely to find their matches in earlier rounds, while irreg- reconstruction scheme is illustrated in Figure 7 . After the optido not match for the same surface patch; thus, the correlamal tree models and the background DEM have been developed tion measure between them is not reliable. When matching in 3D tree interpretation, we use them to predict an initial dison orthoimages in (c) and (d), the two templates are virtually parity map and to compose the initial digital surface model of the same patch, and the foreshortening disturbs the (DSM). The disparity map is then processed for tree-edge effect template matching at a largely reduced level.
reduction. Orthoimages are produced using the DSM to reduce the foreshortening effect in the correlation cube. The value of each cell in the generated disparity map may be adjusted by a number of pixels in the disparity range [ϪD, D] . For each adjustment within the range, the corresponding locations in the left extent. In such a way, we incorporate the reduction of the foreshortening effect in the correlation cube generation. and right orthoimages can be calculated, and a correlation measure is computed using the templates from orthoimages at An image-matching algorithm is needed to find correspondence based on the correlation cube. We adopted a dynamic pro-the locations found. In such a way, the correlation cube is generated using orthoimages rather than the perspective images, gramming algorithm for the image matching scheme because it simultaneously uses many important constraints such as those thus is less vulnerable to the foreshortening effect. A new DSM is reconstructed by searching for the maximum disparity surof epipolar planes, photometric compatibility, uniqueness, disparity continuity, and disparity limit (Marr, 1982; Sun, 1999) . face in the correlation cube using the dynamic programming technique. If the DSM is satisfactory, then it is the final canopy The dynamic programming algorithm is a global matching method, and determines the disparity map by searching in the model; otherwise, the process is repeated using the new DSM as the initial DSM until the final DSM is satisfactory. 3D correlation cube ( Figure 5 ) for the maximum smooth surface characterized by surface order p (Sun, 2002) . That is, the neighbors of a voxel on the p-ordered surface are within p voxels in
Surface Reconstruction for the Redwood Stand
The proposed model-based approach is built on top of conventhe vertical dimension, and the sum of the correlation measures of all voxels on the surface reaches the maximum. As illustional image matching algorithms. Both the conventional image matching and the model-based approach were impletrated in Figure 5 , D specifies the disparity range and determines the depth of the correlation cube, while p controls the mented and applied to the redwood stand for a comparison. The 1-0 stereo pair was used as the primary pair for canopy sursmoothness of the surface to be found. Dynamic programming using smaller p searches for a smoother disparity surface in the face reconstruction because more parts of the trees are visible in this pair. Other pairs were used for the areas occluded in the cube, and generates a smoother surface model for the canopy.
The model-predicted disparities serve as a guide to correprimary pair. spondence finding. They can be considered as the general trend, and only the detailed local variations need to be ex-
Conventional Surface Reconstruction
We first applied the dynamic programming algorithm to the tracted. Therefore the search for the p-order surface can be usually limited to a small disparity range [ϪD, D] around the preconventional surface reconstruction without using tree models. Taking into consideration the large disparities caused by dicted disparities. When the range is large, the dynamic programming algorithm is implemented under the pyramidal trees, the disparity range was estimated as [Ϫ84, 38] (unit: pixels) for the primary stereo pair (1-0). For such a large disparity image-matching scheme for both efficiency and reliability. range, the dynamic programming algorithm was implemented under the pyramidal matching scheme. For pyramidal matching efficiency, the disparity range was centralized to [Ϫ61, 61] with a 23-pixel shift, and the right image was also shifted by the same amount of pixels. As a result, we used [Ϫ61, 61] (i.e., D ϭ 61) as the disparity range in the surface reconstruction, resulting in a four-level pyramid. The results of the pyramidal surface reconstruction using p ϭ 2 are shown in Figure 8 . The original left image (i.e., #1) is shown in Figure 8a as a reference. Figure 8b is the correlation strength map of the final level matching, showing that the ground (white areas) possesses good matching while the correlation measures over trees are low. Figure 8c shows the reconstructed surface model. The white margins in the surface model are noise induced by pyramidal resampling. The following can be observed from the surface model. The building on the right is clearly identifiable; the ground is reconstructed as a smooth surface; the stand surface is raised and rugged, but individual trees are not visible. Though having taken many constraints into consideration, the conventional matching scheme is sufficient for the ground surface, but it does not work well for the canopy surface. Therefore, it is necessary to introduce the model-based approach.
Model-Based Surface Reconstruction
We applied the proposed model-based scheme to reconstructing the canopy surface for the redwood stand. The initial values of D and p were set to D ϭ 3, p ϭ 1, and a smooth canopy surface was generated. The algorithm adjusts disparities around the predicted ones within a range of Ϯ3 pixels and has Ϯ1-pixel flexibility in controlling the smoothness of the disparity surface. With the configuration of the stereo pair 1-0, the disparity difference of 1 pixel corresponds to approximately a 0.4-m Figure 7 . The sophisticated model-based canopy surface change in elevation in the ground coordinate system. Greater reconstruction scheme. This scheme incorporates occluvariation can be introduced to the surface by using larger D and sion removal, disparity prediction, edge-effect reduction, p in the reconstruction. Larger D and p give the dynamic proforeshortening effect mitigation, and iterative implemengramming algorithm more freedom in disparity search, and tation.
thus allow greater variation in the reconstructed canopy surface. They may lead to more realistic results for the trees that are not well defined by their optimal tree model (e.g., Tree #32), but may corrupt the surface of the trees with an adequate tree pictures were collected on the ground. These dimensional parameters are used to check the size of reconstructed crowns, model (e.g., Tree #1).
To achieve better results, the process was iterated twice uswhile the crown profile pictures are used to validate the reconstructed surface with detailed crown structures. ing relatively small D and p (i.e., D ϭ 3 and p ϭ 1) . Table 1 compares the degree of adjustment of the iterative and non-iterative Crown radius and tree height were interactively extracted for individual trees from the reconstructed surface model in implementation. The iterative reconstruction with smaller D and p regresses to the true surface gradually, while the non-iter- Figure 9c . In an interactive computer program, we place a circle on the surface model to surround a tree (i.e., a round object ative one with larger D and p makes a larger adjustment for all trees at one time. The surface derived for irregular-shaped trees higher than its background in the surface model), and move the circle and resize it to make it fit the perimeter of the tree can-(e.g., Tree #32) is adjusted more than that for regular-shaped ones (e.g., Tree #1). For trees with an adequate tree model, a maopy. The DSM cells around the circle are crucial in determining the fitness. The inner circle edge consists of the DSM cells jor adjustment is made in the first round iteration, followed by a minor adjustment (about 1 pixel) in the second round. The itertouching the circle from the inner side, and corresponds to the crown margin. Similarly, the outer circle edge contains the ative results are shown in Figure 9 . Figures 9a and 9b show the final disparity map and the correlation strength map. Com-DSM cells touching the circle from the outside. When the contrast reaches the maximum between the averaged height (H 0 ) of pared to the surface recovered from the conventional photogrammetric approach (Figure 8c ), the one obtained from the the outer circle edge and that of the inner edge, the circle is considered as the boundary between the tree and the background. model-based approach (Figure 9c ) clearly shows individual trees. We used the iteratively reconstructed surface in the sub-
The radius of the circle is considered as the crown radius, and the tree height is calculated as the difference between the maxsequent validation analysis.
imum height of the cells within the circle and H 0 . The tree parameters extracted from the reconstructed surField Validation Because it is difficult to directly measure canopy surface on the face model and the ground measurements are listed in Table 2 for a comparison. We calculated the difference ⌬H (or ⌬R) beground, we have to use alternatives to validate the reconstructed surface. Measurements of dimensional crown parametween the DSM-derived parameters and ground measurements, and the ratio ⌬H% (or ⌬R%) of ⌬H (or ⌬R) to the ground measters such as tree height and crown radius, and crown profile *R is the average of the four perpendicular crown radius readings in the field. ϩ ⌬H is the difference between the DSM-derived tree height and the height measured in the field. ⌬R is the difference of crown radius between photo measured and field measured. ϫ ⌬H% is the ratio (in percentage) of ⌬H to the tree height measured in the field. ⌬R% is similarly defined for crown radius. $ The mean absolute error of ⌬H (or ⌬H%, ⌬R and ⌬R%) is defined as the average of the absolute values of ⌬H (or ⌬H%, ⌬R and ⌬R%) for all trees. # The overall accuracy of tree height (or crown radius) is defined as 100 Ϫ mean absolute ⌬H% (or ⌬R%).
urement in percentage. The mean absolute error of tree height explained by the five-year time lag between the field measurements and the aerial photos, and the fact that the sharp tips of (or crown radius) is defined as the average of the absolute values of ⌬H (or ⌬R) for all trees. The overall accuracy of tree height conifers may not be captured in the images. In general, the dimensional parameters derived from the reconstructed surface (or crown radius) is defined as 100 Ϫ mean absolute ⌬H% (or ⌬R%).
model are quite close to the field measurements.
To examine the quality of the surface reconstructed for tree We compared the derived crown radius with the average of the four ground radius readings. The overall accuracy is esticrowns of different levels of shape regularity, three trees were selected for a detailed validation using their profile pictures: a mated as 92.3 percent, and the mean absolute error is 0.3 m. The derived crown radius of 87 percent trees is within an error of regular-shaped redwood (Tree #1), an intermediately regularshaped oak tree (Tree #37), and an irregular-shaped pine tree 0.5 m. For tree height, the mean absolute error is 1.8 m, and the overall accuracy is estimated as 93.6 percent. Seventy-six per-(Tree #32). The redwood tree is in a regular conic shape (with four cent trees have an error of less than 3 m in tree height, and 79 percent trees have their height estimated with an accuracy of crown radius readings of 4.8 m, 5.0 m, 5.0 m, and 4.9 m) as shown in the ground picture taken from the west direction (Figbetter than 90 percent. The worst case is Tree #2, the height of which is overestimated by 8.2 m. The discrepancy is caused by ure 10a). The north-south profiles of the reconstructed crown surface shown in Figure 10b are consistent with the ground obthe inadequacy of the tree model. It was difficult to locate the treetop of Tree #2 on the photos during its model establishservations. The extended branches marked by A in the picture from the west view (Figure 10a ) are also visible in the profiles ment. The DSM-derived parameter underestimates tree height by 0.67 m on average, and more trees (25 out of 38) were under-(marker A in Figure 10b ). The four radius readings for the oak tree are 4.0 m, 4.4 m, estimated than overestimated in height. This may be partially created from the reconstructed surface (Figures 11b and 11d) generally match the outlines shown in the ground pictures, and the surface features (marked by A and B) on the pictured profiles are also found in the reconstructed profiles.
The four ground crown radius readings of 11.2 m, 6.1 m, 2.0 m, and 8.0 m indicate that the pine tree is rather irregular in shape. Its ground picture and the reconstructed profiles are shown in Figure 12 . Comparing the ground picture taken from the south (Figure 12a ) with the corresponding profiles ( Figure  12b ) from the reconstructed surface, it is apparent that the general outline matches, but disagreements are also observable.
Discussions and Conclusions
From the experiments described in this paper, it has been demonstrated that canopy surface reconstruction can be considerably improved after tree models are introduced into the conventional image matching algorithm. However, a number of Figure 10 . Ground truthing of Tree #1. (a) West view photo.
limitations remain: (b) North-south profiles. This is the case of a regular-shaped
• Limitations of the symmetric tree model: Though the symmetric redwood tree.
tree model used in this paper can describe most conifers well, it may not adequately describe irregular ones. The symmetric tree model used in this paper needs to be upgraded for irregularshaped trees.
• Surface sensitivity to tree models: Because the model-based 5.6 m, and 7.9 m. It was measured 11.0 m tall on the ground, matching algorithm is guided by tree models, the reconstructed and the reconstructed height is 11.5 m. Figures 11a and 11c surface is sensitive to these tree models. Adequate tree models show the ground pictures of the tree taken from the west and are critical to the success of high-quality canopy surface reconstruction. If a model approximates the true surface with an offset northeast directions, respectively. The corresponding profiles redwood stand, the following critical problems were addressed in the model-based canopy surface reconstruction process:
• occlusion in disparity prediction from tree models, • integration of the predicted disparities into image matching, • the tree-edge effect on the disparity map, and • the foreshortening effect in image matching, which is very serious for conifer crown surfaces.
Solutions to the above problems are necessary for successful canopy surface reconstruction.
